The Luxembourg Income Study data is used to explore the impact of taxes and transfer payments on the distribution of income across thirteen countries for different years. The five-parameter generalized beta distribution and ten of its special cases are considered as models for the size distribution of income. Maximum likelihood methods are used to estimate the model with corresponding measures of goodness of fit and inequality reported. These results identify the best-fitting two, three, and four-parameter models as well as describe the inter-temporal patterns of inequality corresponding to earnings, total income, and disposable income. A general pattern of increasing inequality is observed for almost all countries considered along with significantly different distributional impacts of taxes and transfer payments across countries.
INTRODUCTION
Issues related to the distribution of income are important considerations in discussions about appropriate fiscal policy. Questions about who benefits from changes in taxes and transfer payments are often at the core of the dialogue. While these issues have long been heatedly debated, there has recently been renewed discussion, prompted in part by the significant increases in income inequality observed since the 1980s in the United States and many other countries. Possible explanatory factors considered in the United States include increased demand for a higher and more skilled work force (Murphy and Welch (1992) , Katz and Murphy (1992) ), the impact of technological change or reduced affirmative action (Bound and Johnson (1992) ), increasing migration (Topel (1994) ), and possibly tax reform in the 1980's (Auten and Carroll(1999) and Altig and Carlstrom(1999) ). Other possible factors include the declining real value of the minimum wage and de-unionization (Dinardo, Fortin, and Lemieux, 1996) and cohort supply side factors (Card and Lemieux, 2001 ). An analysis of these and related issues is based on accurately modeling the distribution of income and estimating distributional characteristics.
Parametric and nonparametric methods have been considered in describing the size distribution of income. This paper focuses on a consideration of parametric models. Pareto first proposed a model of income distribution in 1895 which was found to accurately model the upper tail of the distribution, but did a poor job describing the lower tail. Pareto's analysis generated a debate on the effect of economic growth on income inequality. Gini disagreed with Pareto's opinion that economic growth leads to less inequality. Gini proposed a unit-free measure of income inequality known as the Gini coefficient that is still commonly used today (Gini, 1912 ). Gibrat's (1931) law of proportionate effect provided a theoretical basis for the two-parameter lognormal distribution to be considered as a model for the size distribution of income. The lognormal was further examined by Aitchinson and Brown (1969) . Another two-parameter distribution, the gamma, was proposed by Ammon (1895) and was more recently reintroduced and fit to US income data by Salem and Mount (1974) . Bartels and van Metelel (1975) suggested the two-parameter Weibull distribution. While these two-parameter models provide increased flexibility in fitting empirical data, they do not allow for intersecting Lorenz curves sometimes observed with income data.
The introduction of a third parameter allows for intersecting Lorenz curves. Some threeparameter models which have been used to model the size distribution of income include the generalized gamma (Amoroso, 1924-25 and Taille, 1981) and beta (Thurow, 1970) as well as two closely related models which are members of the Burr family of distributions: the Singh-Maddala (1976) , known in statistics literature as the Burr 12, and the Dagum (1977) , known as the Burr 3.
The generalized beta of the first and second kinds(GB1 and GB2) are four-parameter distributions which have not only been very successful in fitting the data, but also include all of the previously mentioned distributions as special or limiting cases, McDonald (1984) . The empirical success of the GB2 was complemented by Parker's (1999) theoretical model of income generation, showing earnings to follow a GB2 distribution. Bordley, McDonald and Mantrala (1996) found that the GB2 distribution generally provided a significantly better fit than its nested distributions when fit to income data from the United States. Bandourian, McDonald, and Turley (2003) applied the generalized beta distributions to income data from 23 countries and various years from the mid 70's to the mid 90's. They found that the Weibull, Dagum, and generalized beta of the second kind were generally the best fitting models with two, three and four parameters when using 1 1
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The GB includes all of the distributions mentioned in Section 1 as special or limiting cases, McDonald and Xu (1995) . The four-parameter GB1 and GB2 correspond to the GB with the c parameter set equal to zero and one, respectively: (y; a, b, c =1, p, q) .
Similarly, the three-parameter Dagum 1 and Singh-Maddala distributions correspond to the cases
1 This is actually a Dagum Type 1 distribution. Dagum's more general form has the cumulative probability such as a GB1, GB2, or GB. An alternative formulation could be viewed as arising from a "translation of the origin" to where can be negative, zero, or positive. can be estimated from other information such as the fraction of negative and zero observations for Dagum's Type 2 model or can be estimated as a parameter. Bandourian, McDonald, and Turley (2003) include an example of including a translated origin in the estimation of the models considered in this paper.
The generalized gamma (GG) distribution is a limiting case of the GB2 defined as 
A convenient way to visualize these relationships and some other special cases mentioned in the introduction is the distribution tree in figure 1 . Expressions for all of the probability density functions considered in this paper are presented in Appendix 1. Additional detail can be found in McDonald and Xu (1995) . 
can be used to compare nested distributions where l respectively represent the loglikelihood values corresponding to the unconstrained and nested models and r (the degrees of freedom for the asymptotic chi-square) is the difference in the number of estimated parameters in the two model specifications. Thus, the statistical improvement of the GB2 relative to the Dagum distribution can be tested using a chi-square distribution with one degree of freedom.
* and
For comparing non-nested models, such as the generalized gamma and the beta of the second kind, the LR statistic does not provide the basis for a test. For these cases we will compare the values of the sum of squared errors (SSE), sum of absolute errors (SAE), and chi-square(χ 2 ) goodness-of-fit measures which are defined by ( )
where denotes the estimated parameter vector. The χ 2 is asymptotically distributed as a chisquare with degrees of freedom equal to the one less than the difference between the number of groups and the number of estimated parameters, (Cox and Hinckley, 1974, p.316 ).
θ C. Measures of inequality
Numerous measures of inequality have been considered in the literature, including the coefficient of variation (CV), the Pietra index (P), the standard deviation of logarithms (H), Theil's entropy measure (T), and the Gini coefficient (G). These inequality measures are defined by Sen (1973) reviews the properties of several of these measures. Each measure is invariant with respect to scale and thus avoids issues of inflation and currency units. The measures differ on their sensitivity to different types of transfers. For example, the Pigou-Dalton Principle, transfers from a richer person to a poorer person always reduces inequality, is satisfied by H and G, but not by P if the transfer involves two individuals on the same side of the mean. The Pietra and Gini coefficient have a geometric interpretation in terms of the Lorenz curve. The Pietra index is twice the area of the largest triangle that can be inscribed in the area of concentration between the Lorenz curve and the 45% line of perfect equality and the Gini coefficient is twice the area of concentration. Sarabia, Castillo, and Slottje (2002) consider Lorenz orderings for distributions in the GB2 family.
The Gini coefficient is probably the most widely used measure of income inequality and will be used in this paper. The equations for expressing the Gini coefficient in terms of the distributional parameters are taken from Dagum (1977) and McDonald (1984) and are reported in the Appendix for all but the GB which has not been derived. These equations were used to estimate the Gini coefficient for the data sets and model specifications considered in this paper.
THE LUXEMBOURG INCOME STUDY
Household income data was obtained from the Luxembourg Income Study (LIS) database for thirteen countries, including both developed and developing economies. European countries are somewhat over-represented within the LIS database because of data quality and availability. LIS data is classified into 5-year waves (Historical and Waves I, II, III, IV, and V), which, for a few countries, went back as far as the 1970's. The data used in this study correspond to Waves I to V and are summarized in Table 1 . In all cases income was measured in nominal local currency units. Because of government regulations and privacy laws, income data with individual observations are usually not available. In this analysis, the data was obtained for positive income in a grouped format with twenty equal probability intervals, corresponding to the 5 th through 95 th percentiles.
An advantage of using the LIS data set is that the data from each country are formatted as uniformly as possible, particularly concerning the definition of income, so that comparisons across countries and time are more credible. This paper focuses on the household unit with different measures of income. The three measures of income are earnings (gross salary, farm and non-farm income before transfer payments and tax deductions), total income (earnings before taxes and after transfer payments), and net disposable income (total income less taxes). A more detailed breakdown of the components of these three income measures is given in Table 2 . The use of different definitions of income is associated with different observed distributions of income. Indeed, government redistribution has the potential to significantly alter the distribution of income. Not all component variables exist in all countries for all years and only observations reporting positive values of earnings, total income, and net disposable income are used. 
RESULTS
Except for the Pareto, each of the distributions depicted in Figure 1 was fit to the 163 data sets (different countries, years, and definitions of income), and goodness-of-fit criteria were calculated for each distribution, including the estimated Gini coefficient. Table 3 summarizes sample output corresponding to each of the data sets. 4 Of the two-parameter models (the gamma, lognormal, and Weibull), the Weibull is the best fitting model using any of the reported criteria. Similarly, the Dagum and GB2 are the best-fitting three and four parameter models. The SSE, SAE, and 2 χ criteria are generally, but not always, in very close agreement as to the best-fitting models. The nested relationships of the distributions depicted in Figure 1 guarantee that a distribution will fit the data at least as well as any of its cases (using the estimation criterion). However, this does not suggest their superiority as a descriptive model will be statistically significant. Nested models are commonly compared using the likelihood ratio (LR) test:
where θ ML and represent parameter estimates of the general and the restricted models, respectively. In cases in which the parameters are not on the boundary of the parameter spaces, the LR is asymptotically distributed as a χ 2 with degrees of freedom equal to the number of parameter restrictions imposed. Thus the GG can be seen to provide a statistically significant improvement relative to the Weibull and gamma distributions. The differences between the GB2 and the Dagum and SM distributions are statistically significant, while the differences between the GB and GB2 are not. This test cannot be used to compare non-nested models, e.g. the differences between the GB1 and GB2 can't generally be compared using the LR test statistic; however, in this particular case it might be argued that the GB2 is "better" than the GB1 because the GB provides a statistically significant improvement relative to the GB1, but not the GB2.
θ R
The choice of distribution function can impact the estimated level of inequality as measured by the Gini coefficient using the equations found in the Appendix. Generally, the Gini coefficients estimated by the lognormal are the highest for all data sets considered. The disagreement results from an inferior fit, particularly in the tails.
Rather than reporting the results in Table 3 for each data set, Tables 4, 5, and 6 report only the Log-L value for the "best fitting 5 " two, three, four, and five-parameter models earnings, total income, and disposable personal income respectively. 5 The "best fitting" is determined by comparing log-L values which tend to be highly correlated with the rankings based on SAE, SSE, and The asterisked Log-likelihood entries in Tables 4, 5 , and 6 correspond to cases in which the more general distribution provides a statistically significant improvement (at the five percent level) relative to its nested distributions. Thus we see that in 23, 15, and 16 of the cases (earnings, total income, and disposable personal income, respectively) the GB provides a statistically significant improvement relative to either the GB1 or GB2. In the remaining cases either the GB1, GB2 or both are "observationally" very similar to the GB. In 6 (earnings), 15 (total income), and 23 (disposable income) cases the GB1 and GB2 are observationally equivalent to the GB. Table 7 Summarizes the Goodness of fit results from Tables 4, 5 , and 6. The best fitting distributions appear to depend on the definition of income being used. Among two-parameter distributions, the Weibull is the best fitting for earnings data but does not fit as well as either the gamma or lognormal for other income definitions, whereas the gamma is best fitting for total income and disposable personal income. The Dagum is clearly the best fitting three-parameter distribution for earnings data, but likewise is among the distributions not fitting as well for other income definitions, for which the GG is most often the best fitting with the B1 the next most frequent best fit. Finally, while the GB2 is clearly the better fitting of the four-parameter distributions for earnings data, it is not clear which between the GB1 and GB2 is a better fit for the other definitions, although the GB1 slightly outperforms the GB2 for total income and disposable personal income. Results for two-three-and four-parameters all highlight the observed result that transfer payments and taxes do alter the shape of the distribution of income. Thus when modeling the distribution of income it may be important to explore alternative distributional forms rather than relying on a single distribution. Not surprisingly, Finland and Sweden are associated with the most significant reductions in income inequality from a combination of both transfer payments and taxes. While the addition of transfer payments to earnings for Germany, Israel, and the United States do not appear to significantly impact inequality, the inclusion of taxes lead to relatively large reductions in income inequality. The net impact of taxes and transfer payments appear to have little impact on income inequality as measured by the Gini coefficient in Australia, Taiwan and the United Kingdom. These results may be sensitive to only working with positive observations.
A number of interesting observations arise from an inspection of the inter-temporal behavior of the entries in 
CONCLUSIONS
This paper compares the ability of eleven probability distribution functions to fit income data for thirteen countries over time, using three measures of income from the LIS: earnings, total income, and disposable personal income. In each case various goodness of fit measures and Gini coefficients were calculated. Concerning functional form, the best fitting two-parameter distribution is the Weibull for earnings data and the gamma for total income and disposable personal income. The Dagum was the best fitting three-parameter distribution for earnings, with the generalized gamma fitting total income and disposable personal income better. The GB2 fit the earnings data better than the GB1 in every case, but for total income and disposable personal income, the GB1 had a slight edge. An additional finding is that the inter-temporal behavior of the estimated Gini coefficients reveals a generally increasing trend towards inequality for almost all countries considered, regardless of the income measure used. While income inequality of earnings was generally larger than for disposable personal income, there was also a significantly different impact of government redistribution programs (transfer payments and taxes) across countries with Finland and Sweden being associated with the greatest distributional impact and Australia and Taiwan having the least. Finally, it should be mentioned that poor-fitting distributional forms can lead to poor estimates of inequality and questionable policy implications.
The best fitting functional forms may change from one income definition to another, e.g. earnings, total income, or disposable income.
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